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Abstract

We use a new and large panel dataset of household income to shed light on the perma-
nent versus transitory nature of rising inequality in individual male labor earnings and
in total household income, both before and after taxes, in the United States over the
period 1987-2006. Due to the quality and the significant size of our dataset, we are able
to conduct our analysis using rich and precisely estimated error-components models of
income dynamics. Our main specification finds evidence for a quadratic heterogeneous
income profiles component and a random walk component in permanent earnings, and
for a moving-average component in autoregressive transitory earnings. We find that the
increase in inequality over our sample period was entirely permanent for male earnings,
and predominantly permanent for household income. We also show that the tax system,
though reducing inequality, nonetheless did not materially affect its increasing trend.
Furthermore, we compare our model-based findings against those of simpler, non-model
based inequality decomposition methods. We show that the results for the trends in
the evolution of the permanent and transitory variances are remarkably similar across
methods, whereas the results for the shares of those variances in cross-sectional inequal-
ity differ widely. Further investigation into the sources of these differences suggests that
simpler methods produce erroneous decompositions because they cannot flexibly cap-
ture the relative degree of persistence of the transitory component of income.  JEL
codes: C33, D31, J31
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1 Introduction

An extensive literature has documented a large increase in income inequality in the United
States in recent decades. In this paper, we ask whether this observed increase in cross-
sectional inequality reflected an increase in permanent or in transitory inequality. By per-
manent, we mean an increase in long-run inequality, or growing dispersion in permanent
incomes. By transitory, we mean greater short-run variability in incomes, or individuals
moving around more within the income distribution at relatively short frequencies of one to
a few years.

The distinction between permanent and transitory inequality is important for two main
reasons. First, it is useful in evaluating the proposed explanations for the documented in-
crease in annual cross-sectional inequality. For example, if rising inequality reflects solely an
increase in permanent inequality, then consistent explanations would include, for example,
skill-biased technical change. By contrast, an increase in transitory inequality could be due
to increases in income mobility, perhaps driven by growing job instability for all workers.
Second, the distinction is useful because it informs the welfare evaluation of cross-sectional
inequality increases. Specifically, lifetime income is a measure of long-term available re-
sources, and hence an increase in permanent inequality would be welfare-reducing according
to most social welfare functions. By contrast, increasing transitory inequality would have
less of an effect on welfare, especially in the absence of liquidity constraints restricting con-
sumption smoothing. Furthermore, as the next section outlines, the literature has not as
yet reached a clear consensus about either the nature or the timing of the increases in each
inequality component in the last two decades.

One important aspect of our contribution is the use of a new and superior data source to
shed new light on the permanent-vs-transitory decomposition of inequality and its evolution
over time. In particular, we use a large panel of household income from tax returns to study
the permanent-vs-transitory nature of rising inequality in individual (male) labor earnings
and in total household income, both before and after taxes, in the United States over the
period 1987—2006.E] Our panel constitutes a one-in-5,000 random sample of the population of
U.S. taxpayers. It contains individual-level labor earnings information as well as household-
level income information reported in tax forms. It also includes information on the age
and gender of the primary and secondary tax filers from matched social security records.

Our broadest sample consists of nearly 300,000 observations on 30,000 households, and is

IThe data are kept at the Treasury Department, and all of our analysis was run at and cleared by the
Treasury, in order to maintain the confidentiality of the data.



therefore substantially larger than the typical survey panels, such as the Panel Study of
Income Dynamics (PSID), used to address related questions in the literature. In addition,
our data are not subject to top-coding, and are less likely to be affected by measurement
error, compared to survey data.

The quality and size of our dataset allow us to start the analysis by precisely estimating
rich error-components models of income dynamics. In particular, error-components models
fully specify the process that generates income over time, and can be used to decompose
the cross-sectional variance of log income—our measure of inequality—into permanent and
transitory parts. This way, we can explore in detail the role of permanent and transitory
income components for the evolution of inequality. Indeed, one of the main advantages of
such models is that they are sufficiently detailed and flexible to be able to capture many facets
both of the autocorrelation of earnings and of the evolution of earnings over the lifecycle.
We therefore view the fact that we can use the large size of our data to ensure that our
models are very precisely estimated as one of the main contributions of our paper.

We next expand our analysis to explore simpler, approximate decomposition methods
that have been used in the literature to examine the permanent-vs-transitory nature of
inequality. Here, one important aspect of our contribution is that we investigate the relation
across the different inequality-decomposition methods, model-based as well as non-model-
based, and we propose an explanation for the differences across methods. This is important
because, in the existing literature, it is impossible to discern whether the differences across
studies are due to the different data or to the different methodologies used. By contrast, we
clarify the connections across different methods and we propose one way of thinking about
the variety of results they yield. Hence, our analysis could provide guidance for researchers
as to the potential outcomes of choosing between different methods.

Turning to the details of our error-components models, our data indicate that male
labor earnings are best described by a combination of permanent and transitory components
with the following features. First, permanent earnings, whose relative importance varies
over calendar time, are captured by the sum of a quadratic heterogeneous income profiles
component and a random walk component. Second, transitory earnings are characterized by
an ARMA(1,1) process with year-specific innovation variances. Transitory earnings turn out
to be relatively persistent (the autoregressive coefficient in our baseline specification is 0.63),
despite the inclusion of both heterogeneous income profiles and a random walk in permanent
earnings. For household income, the main difference is that the data provide less support

for the inclusion of a random walk component in permanent income.



Our main findings on the permanent-vs-transitory decomposition of inequality are as
follows. For male labor earnings, we find that the entire increase in cross-sectional inequality
over the 1987-2006 period was permanent. In particular, we find that the permanent variance
of (log) male earnings increased over this period, while the transitory variance did not. In
terms of the permanent-vs-transitory makeup of the cross-sectional variance of male earnings
at a single point in time, our preferred model specification implies that, on average, 65% of
the total variance of male labor earnings was permanent, while 35% was transitory.

For total household income, we find that the large increase in inequality over our sample
period was predominantly, though not entirely, permanent. For this broader income category,
both the permanent and the transitory parts of the cross-sectional variance increased, with
the permanent variance contributing two thirds and the transitory variance one third of the
increase in the total cross-sectional variance. Furthermore, the increase in the transitory
component reflected an increase in the transitory variance of spousal labor earnings, transfer
income, and investment income.

We extensively explore the sensitivity of our analysis to model specification. We show that
the results for the trends in the permanent and transitory variances are remarkably robust
across model specifications. However, the shares of cross-sectional inequality attributed to
the permanent and transitory income components at a given point in time are quite sensitive
to the specification. For instance, the transitory share of total cross-sectional inequality
ranges from 27% to 60%, depending on the model used. We examine the reasons for these
differences and we show that they reflect differences in the (relative) degree of persistence
in the transitory earnings process across the various model specifications. Intuitively, when
transitory earnings are less persistent, then more of the persistence in the earnings data will
be attributed to the permanent component, leading to a larger role assigned to permanent
earnings overall. Conversely, when transitory earnings are allowed to be more persistent,
then more of the persistence in the data will be picked up by the transitory part, leading to
a larger role played by the transitory earnings component.

Turning to the comparison with simpler methods, we look in particular into two approx-
imate methods that decompose the cross-sectional variance into permanent and transitory
parts without explicitly using error-components models. These methods essentially define
permanent income as the average of annual income over a certain period of time, and then
transitory income as the deviations of annual income from that average. Here, we find that
the results for the trends of the permanent and transitory variance components are sur-

prisingly robust across methods, and that therefore the approximate methods corroborate



our model-based results for the inequality trends.ﬂ However, the permanent and transitory
shares of the cross-sectional variance turn out to be very sensitive to the method used. We
then propose that the reasons for these differences are closely related to the reasons for the
differences across the different model specifications. In particular, the approximate methods
we consider do not allow for persistence in transitory income. As a result, they attribute
to the permanent income component part of what is in reality a transitory (though serially
correlated) shock, thereby overstating the importance of the permanent part of inequality.
In other words, the simpler decompositions rely on restrictions that are strongly rejected by
the data. Clearly, the share of cross-sectional inequality attributed to the permanent versus
the transitory component will have important quantitative and policy implications for the
welfare costs of income inequality. Therefore, our analysis provides significant guidance in
that direction and it indicates that the search for the appropriate inequality-decomposition
method needs to carefully consider the nature of the data, with particular emphasis on the
relative degree of persistence in the transitory component of income.

Finally, our tax return data also allow us to examine in detail the role of the federal
tax system for the evolution of income inequality. In particular, we investigate whether the
evolution of inequality for after-tax household income differs materially from the evolution
of inequality for pre-tax income. Our measure of after-tax household income reflects all
federal personal income taxes, including all refundable tax credits, as well as payroll taxes.
We find that the cross-sectional variance of after-tax income is on average 15% smaller than
the variance of pre-tax income, reflecting the overall progressivity of the U.S. federal tax
system. On net, however, the effect of the tax system in reducing income inequality appears
quite stable over the sample period. In other words, the tax system does not appear to
have significantly altered the trend toward rising inequality, despite the large changes in tax
policy over this period.

The rest of the paper is organized as follows. The next section discusses the related
literature and places our results in the context of existing studies. Section [3| describes our
dataset, our sample selection, and the trends in income inequality in our data. Section
introduces our error-components models and discusses their estimation. Section [5| presents
the model estimates for male labor earnings and uses the estimated models to decompose
the cross-sectional variance into permanent and transitory parts. The section then examines
the sensitivity of the results to model specification. Section [ compares our model results

to those from alternative methods of analysis and discusses the reasons for the differences

2We also examine the evolution of measures of dispersion in the distribution of income changes over one
and two years (volatility), which provide yet further support for our model-based inequality-trend findings.



across methods. Section [7] examines total household income and the role of the U.S. federal
tax system for the evolution of income inequality. Section [8| describes several robustness
tests, and section [9] concludes. Technical details and additional results are provided in the

Appendix.

2 Related Literature

An extensive literature has documented a large increase in labor earnings inequality in the
U.S. in recent decades ]| A small branch of the literature has attempted to determine whether
this increase in cross-sectional inequality reflected an increase in permanent or in transi-
tory inequality. The earlier studies, including Gottschalk and Moffitt (1994); Moffitt and
Gottschalk (1995); and Haider (2001), all use PSID data, and generally conclude that a sub-
stantial part (as much as one half) of the increase in cross-sectional inequality in the 1970s
and early 1980s was transitory. There are very few studies analyzing the last two decades,
although earnings inequality has continued to increase. Furthermore, the results across stud-
ies are not conclusive. For example, using the PSID, Gottschalk and Moffitt (2008) find that
the transitory variance has not increased after the mid-to-late 1980s, whereas Heathcote,
Perri, and Violante (2010) conclude that the transitory variance rose substantially in the
1990s. Kopczuk, Saez, and Song (2010), using Social Security earnings data, find that the
increase in inequality from the 1970s to the early 2000s was entirely permanent. However,
they use only a simple approximate decomposition method and their findings contradict the
more-established results of the earlier literature for the 1970s and early 1980s, raising doubts
about the factors driving their analysis for the more recent period as well. In this paper,
we conclude that the increase in inequality since the mid-to-late 1980s has been entirely
permanent. Furthermore, we confirm this finding with a variety of model specifications, as
well as different decomposition methods, thereby obtaining remarkably robust results.
Inequality in total household income has also increased in recent decades, as documented,
among others, by Krueger and Perri (2006); and Heathcote, Perri, and Violante (2010).
The only studies that have in some way attempted to decompose the increase in household
income inequality into permanent and transitory parts are Gottschalk and Moffitt (2009);
Primiceri and van Rens (2009); and Blundell, Pistaferri, and Preston (2008). Gottschalk

3For instance, Kopczuk, Saez, and Song (2010) use longitudinal earnings data from Social Security Ad-
ministration (SSA) records to document that annual earnings inequality has increased steadily since the
early 1950s. See also the earlier contributions by Bound and Johnson (1992); Katz and Murphy (1992);
Murphy and Welch (1992); Juhn, Murphy, and Pierce (1993); Katz and Autor (1999); and more recently,
Autor, Katz, and Kearney (2008).



and Moffitt (2009) use simply an approximate method and provide only suggestive evidence
of an increase in the transitory variance starting in the mid-1980s, without conducting a full
analysis. By contrast, Primiceri and van Rens (2009), utilizing repeated cross-sections on
income and consumption from the Consumer Expenditure Survey (CEX), find that all of the
increase in household income inequality in the 1980s and 1990s reflected an increase in the
permanent variance. Our results indicate that, for the increase in the cross-sectional variance
of household income, the transitory variance did play some role, though not as prominently
as Gottschalk and Moffitt (2009) seem to suggest.lﬂ Furthermore, we show that the increase
in the transitory variance of household income reflected an increase in the transitory variance
of spousal labor earnings, transfer income, and investment income.

Our paper is also related to a recent literature that has analyzed the trends in the
dispersion of short-term income changes, or income volatility. The findings in this litera-
ture have been more consistent across different studies. For instance, a 2008 study by the
Congressional Budget Office (CBO); Sabelhaus and Song (2009); Celik, Juhn, McCue, and
Thompson (2011); and Shin and Solon (2011), all find that the volatility of male earnings
did not increase between the 1980s and the early 2000sf] Our male labor earnings data are
consistent with the findings in this literature, as we document no increase in male earnings
volatility. However, we do find an increase in the volatility of total household income.

Finally, our paper also contributes to a literature that models and estimates the dynamics
of labor income. In particular, there is a long standing debate in this literature concerning
the nature of individual labor earnings processes. According to one view, individuals face
similar lifecycle earnings profiles and are subject to highly persistent (permanent) earnings
shocks, so that permanent earnings are best reflected by a random walk component. See,
for example, Hryshko (2010) for a recent study favoring this specification. According to
the second view, individuals face heterogeneous lifecycle earnings profiles and are subject
to less persistent shocks, so that permanent earnings are best captured by a “heterogeneous
income profiles’”component. See, for instance, the papers by Baker (1997); and Guvenen
(2009)f] Our baseline model nests both specifications. For (male) labor earnings, we find

that the data support the inclusion of a heterogeneous income profiles component as well

4Blundell, Pistaferri, and Preston (2008) find a large increase in the variance of permanent income shocks
in the early 1980s, followed by a large increase in the variance of transitory shocks in the late 1980s. However,
we cannot directly compare our results with theirs, as our sample periods barely overlap.

’Dynan, Elmendorf, and Sichel (2007) find a continuous increase in the volatility of male earnings in the
PSID over the 1967-2004 period. However, their measure of earnings includes income from self-employment,
and hence is not directly comparable to ours or to that of the studies mentioned above.

6Guvenen (2007) investigates the differences in the implications of these two specifications of the labor
income process for lifecycle consumption behavior.



as a random walk component. Furthermore, our data support a quadratic specification of
heterogeneous income profiles. This is because, in our data, the lifecycle profile of the cross-
sectional variance, controlling for either year or cohort effects, is concave in the earlier part
of the lifecycle, and convex in the later part. The heterogeneous income profiles component
in our baseline model implies that the lifecycle profile of the variance is a cubic polynomial
in age, which fits the profile in our tax data well. Overall, we find stronger support for the
(quadratic) heterogenous income profiles than for the random walk: The restriction that the
variance of the innovation of the random walk component is zero is rejected at a 5% level
but not at a 1% level. For total household income, we find less support for a random walk
component, whose inclusion depends on the specific sample, on the level of the minimum
threshold used to exclude low-income observations, and on whether the income data are

before of after taxes.

3 Data

This section describes our panel of income tax returns, our sample selection, and the income

inequality trends observed in our data over the period 1987-2006.

3.1 Panel and Variable Description

We use data from a twenty-year panel of tax returns spanning the period 1987-2006. To
create this panel, we merged returns from an existing 1987-1996 Statistics of Income (SOI)
panel, kept at the Treasury, with returns from cross-sectional files from 1997-2006. We then
cut the sample to returns for which the primary filer had a social security number ending in
one of two four-digit combinations. The resulting panel (with two exceptions noted below)
is a one-in-5,000 random sample of tax units followed over 1987-2006[] Each of the data
sources is next described in turn.

The 1987-1996 panel was collected by the SOI and is kept at the Treasury Department.
The panel started with a stratified random sample of taxpayers who filed in 1987, a subset

of which was chosen based on the primary filer’s social security number ending in one of

"Our sample is representative of the U.S. tax filing population. The fraction of U.S. households filing tax
returns is generally around 90-95%, see for example Piketty and Saez (2003). Most households who do not
file taxes are low-income households. Therefore, our data might miss some changes in income inequality at
the bottom of the income distribution. However, we do not view this as a first-order concern, because, as
documented by Autor, Katz, and Kearney (2008); and Kopczuk, Saez, and Song (2010), changes in income
inequality in the U.S. over our sample period have been concentrated on the upper part of the income
distribution.



two four-digit combinations.ﬂﬂ All individuals represented on the tax return of a member
of this cross section, including secondary taxpayers on joint returns and dependents, were
considered to be members of the panel. Over the following nine years, the SOI division
included in the panel all returns that reported any panel member as a primary or secondary
taxpayer, including tax returns filed by panel members who were dependents of another
taxpayer. To keep the sample representative of the tax filing population in subsequent years,
tax returns from tax years 1988 through 1996 were added to the panel if the primary filer had
an social security number ending in one of the two aforementioned four-digit combinations
but did not file a return in 1987[7°| In addition to information from each tax form, the dataset
includes information on age and gender of the primary and secondary filers obtained from
matched social security records.

The 1997-2006 data come from yearly cross-sections collected by the SOI, and also main-
tained at the Treasury. Like the 1987 sample described above, a stratified random sample
was collected in each of these years, consisting partly of a strictly random sample based on
the last four digits of the primary filer’s social security number. Each cross-section contains
information from tax forms, and merged information on age and gender of the primary and
secondary filers from social security records.

As noted above, in our estimation sample we only include returns from either of these
two data sources where the primary taxpayer’s social security number had one of the two
1987 original four-digit endings, resulting in a one-in-5,000 random sample. The panel is
not balanced, as some taxpayers drop out of the sample due to death, emigration, or falling
below the tax filing thresholds, while others enter because of immigration or becoming filers.

The ideal measure of individual-level earnings for this study is gross labor income before
any amounts are deducted for health insurance premiums or retirement account contribu-
tions. However, our data do not contain such a variable, and hence we use a measure of
labor income that is as close to gross labor income as is possible, using tax data. For this, we
take taxable wages, and we add reported contributions to retirement savings accounts. This
measure of labor income will include all income that a taxpayer’s employer has reported,

namely wages, salaries, and tips, as well as the portion of these that is placed in a retirement

8The full 1987 stratified random sample actually consisted of two parts, the random sample noted in the
text and a high-income oversample. We do not use the high-income oversample in our analysis in this paper.

%0On tax returns in which a married couple is filing jointly, the primary filer is the individual listed first
on a tax form. This is usually, though not always, the husband. On tax returns of single filers, the primary
filer is the individual who filed the return.

9However, taxpayers with one of the two social security number endings who filed as dependents in 1987,
or who were listed as a dependent or secondary filer in 1987, were not included in the sample. We discuss
this issue in section



account. Since our data do not include information on the health insurance premiums paid
by the taxpayer and excluded from taxable wages, our measure of labor income will exclude
those amounts. Our measure also excludes any income earned from self-employment.

For pre-tax total household income, we start with the “total income” amount of income
reported. This variable includes wages and salaries, dividends, alimony, business income,
income from rental real estate, royalties, and trusts, unemployment compensation, capital
gains, and taxable amounts of interest, IRA distributions, pensions, and social security
benefits. To this, we add back nontaxable interest, IRA distributions, pensions, and social
security benefits.

There is some debate as to whether capital gains should be included in the measure of
household income, as the amount of capital gains realized in a particular year and reported
on the tax form may include gains that accrued in the past. Hence, it may make household
income appear “lumpier” than it actually is, since income will be higher in years when gains
from prior years are realized, and lower in years when gains accrued but were not realized.
However, excluding capital gains will result in the measure of household income being too
low for any taxpayer who had gains in that year (whether or not they were realized), and
this downward bias will be quite large for taxpayers whose primary source of income is from
investments. On balance, we feel that this concern is more important, and therefore we
include capital gains in our benchmark measure of household income["]

For after-tax household income, we start with the measure of pre-tax household income
described above. We then subtract the amount of “total taxes” which captures total in-
come taxes (including self-employment taxes) after non-refundable tax credits are taken into
account. Next, we subtract the total amount of FICA taxes owed on the earned income
of the couple. This is done to ensure that all federal taxes (including income and payroll
taxes) are included for all taxpayers, regardless of whether they are wage and salary workers
or self-employed. Finally, we add refundable tax credits (including the earned income tax
credit and the refundable portion of the child tax credit) to arrive at our measure of after-tax

household income.

3.2 Sampling Change and Demographics

There was a change in the sampling frame of our data in 1996. As a result of this change,

we are missing two groups of filers in the pre-1996 period: Dependent filers in 1987 over the

" However, we have verified the robustness of our results to the exclusion of capital gains from our measure
of household income.
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period 1987-1996, and non-dependent primary filers in 1988-1996 who were either dependent
or secondary filers in 1987. These two groups primarily consist of young (in the case of
dependents) or female (in the case of secondary) taxpayers. The effect of missing these
returns is therefore likely to be very small when we examine the labor income of males in
their earning years, though it may be larger when we examine household income.

To address potential issues introduced by this sampling change, we carry out our analysis
of household income using two alternative samples. First, we analyze household income
using the same sample of households that we use to analyze male earnings, namely male-
headed households, as this sample was essentially unaffected by the sampling change. Second,
we analyze household income using a sample with either a male or a female primary filer
(see section . We are interested in this broader sample because it represents the entire
population of tax units in the U.S., and not just those with a male primary filer.

One additional point to be mentioned is that our tax data contains fewer socio-demographic
variables, compared to surveys like the PSID. Most importantly, though we have informa-
tion on age and gender of the primary and secondary filer, we do not have information on
education and race. We also lack information on hours of work, and hence our analysis will

focus on annual earnings, as opposed to wage rates.

3.3 Sample Selection

For the case of individual earnings, we restrict our sample to male primary filers, as is
standard in the literature, because female movements in and out of the labor force introduce
discontinuities in the earnings process. For household income, we carry out our analysis
using two alternative samples. The first sample includes households with a male primary
filer only. This avoids confounding the effects of using a broader measure of income (total
household income) with the effects of using a broader sample of households. In addition, this
sample was not affected by the change in sampling frame discussed in section [3.2] The second
sample includes households with either a male or a female primary filer, and is representative
of the population of U.S. taxpayers.

For both male earnings and household income, we restrict our sample to households with
a primary filer aged between 25 and 60. We impose this restriction because individuals in
this age group are likely to have completed most of their formal schooling and are sufficiently
young not to be too strongly affected by early retirement.

For both male earnings and household income, we exclude earnings/income observations

below a minimum threshold. For male earnings, since tax records do not provide information
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on employment status or hours of work, we can exclude individuals with presumably weak
labor force attachment only by dropping low-earnings observations. Turning to household
income, we note that households with sufficiently low income are not required to file taxes,
although many actually do, so as to claim refundable tax credits, such as the earned income
tax credit. In order to treat low-income observations consistently, we exclude observations
with reported household income below a minimum threshold["?] We take the relevant thresh-
old to be one fourth of a full year full time minimum wage in 2004 ($2,575 in 2004), and
indexed for other years by nominal average wage growth[|

After imposing the restrictions above, we end up with a male earnings sample of 189,424
person-year observations. We refer to this sample as our ‘male earnings’ sample. We use this
sample to analyze not only male earnings, but also household income, both before and after
taxes. Our broader sample for household income, which includes households with either a
male or a female primary filer, contains 294,910 observations. We refer to this sample as
our ‘full’ household sample. Table I shows the number of observations, the mean, and the
standard deviation for male earnings, pre-tax household income, and after-tax household

income for each one of our samples.

3.4 Income Inequality Trends 1987-2006

We begin by documenting the evolution of inequality over time for male earnings and for
household income, before and after taxes, in our panel of tax returns. Figures I (a) and I
(b) show the cross-sectional variance (of the log) and the Gini coefficient, respectively, for
male earnings, pre-tax household income, and after-tax household income. The figures show
an increase in the variance and in the Gini coefficient for all three measures of income over
1987-2006. For example, the cross-sectional variance (of the log) increases by 0.11 points
or 18% for male earnings, by 33% for pre-tax household income, and by 28% for after-tax
household income.@ In general, inequality in individual earnings is lower than inequality
in household income. Furthermore, inequality in after-tax household income is lower than
inequality in pre-tax household income, reflecting the progressivity of the U.S. tax system.

These inequality trends in our data are consistent with trends that have been documented

12In addition, it is well known that changes in income at low levels of income can unduly affect model
estimates. Two commonly used approaches to address this issue are to either exclude or to left-censor
low-income observations. Given the issues discussed above, we choose to exclude them.

13This threshold has also been used by Kopczuk, Saez, and Song (2010). In section [8 we check the
sensitivity of our results to setting a lower/higher minimum threshold.

4For household income, the figures use our ‘full’ household sample. In our male earnings sample, the
cross-sectional variance (of the log) increases by about 40% for both pre-tax and after-tax household income.
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in many other U.S. studies. In the remainder of the paper, we focus on the cross-sectional
variance (of the log) of earnings and household income as our measure of inequality, and
we investigate whether the increase in the variance shown here represented an increase in

permanent inequality versus an increase in transitory inequality.

4 Error-Components Models

Our baseline model is as follows. Let yz,t denote log income, where ¢ indexes individual, a

age, and t calendar year["’| Log income is given by:

?J;,t = 9(Ct§ X;,t) + gz,t ) (1)

where X7, is a vector of observable characteristics, g(.) is the part of log income that is
common to all individuals conditional on X};’t, (¢ is a vector of parameters (possibly including
parameters that depend on calendar year t), and fé,t is the unobservable error term. As is
common in the literature on income dynamics, we will remove the income variation that is

due to observables, X?

., and focus on the dynamics of the error term, & ,.

We model Sé’t as consisting of a permanent and a transitory component:

fw =N (o' + Bla+ra®+ r27t) + z;t , where (2)
permanent transitory
Tziz,t = Tzizfl,tfl + sz,t (3)
Zcit,t = pzfzfl,tfl + T ni,t +60 - m - né—l,t—l (4)
o' ~ iid(0,03), ' ~iid(0,0%), 7' ~ iid(0,02), (5)
coo(a', B) = Gag, co0(0,77) = Gy co0(B',7) = 03,
€~ 11d(0,07), m,, ~ iid(0,07)

The permanent income part consists of an individual-specific, time-invariant component,

2

o', a quadratic heterogeneous income profiles component, 5‘a + ~‘a?, and a random-walk

5The index a is actually “normalized age” or “potential experience”, defined as a = age — 25, or years
elapsed since age 25.
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component, rfm. These components are pre-multiplied by the year-specific factor loading,
A¢, which allows the relative importance of permanent income to vary over calendar time.
The components o', 3, and 7* are allowed to be freely correlated, with cov(a’, 5) = o4p,
cov(at, ") = Tany, and cov(f',7") = op,.

When only allowing for a linear heterogeneous income component, we find that the data
strongly reject that specification. Allowing for a quadratic heterogeneous income profiles
component improves the fit of the model, and the quadratic specification cannot be rejected,
even if a random walk component is also included. In particular, the quadratic heterogeneous
income profiles component improves the fit of the evolution of the cross-sectional variance
of earnings/income over the lifecycle. This is because, in our data, the lifecycle profile of
the cross-sectional variance, controlling for either year or cohort effects, is concave in the
earlier part of the lifecycle, and convex in the later part. The heterogeneous income profiles
component in our model implies that the lifecycle profile of the variance is a cubic polynomial
in age, which fits the profile in our tax data WellE]

The transitory component in the model, zfl’t, is specified as an ARMA(1,1) process.
The transitory innovations, nfm, are multiplied by the year-specific factor loadings, m;, which
allow the variance of the innovations, and hence the relative importance of the transitory
component, to vary by calendar year.

Notice that, in the model above, permanent income shocks, eg’t, are defined as shocks that
shift the path of income permanently, whereas transitory shocks, nfl’t, are defined as shocks
with effects that eventually disappear. Nonetheless, since transitory shocks are allowed to be
serially correlated, it could take several years for their effects to die out. In other words, the
permanent component is defined as capturing shocks that are not mean-reverting, whereas
the transitory component is defined as capturing mean-reverting shocks.

For purposes of robustness, we are also interested in exploring how our decomposition of
the cross-sectional variance into permanent and transitory parts depends on model specifi-
cation. Therefore, we also examine three alternative models, which we call restricted models
RM1, RM2, and RM3. These models are obtained by imposing the following restrictions on
our baseline model:

(i) RMI: 03 = 02 = 04p = 0y = 0py = 0 (n0 heterogeneous income profiles)

(i) RM2: 02 =0 (no random walk)

(iii) RM3: 6 =0 (no MA transitory errors)

In what follows we will demonstrate that the data strongly reject the restrictions imposed by

16The evidence for heterogenous income profiles agrees with the findings of Baker (1997) and Guvenen
(2009) on PSID data, and of Baker and Solon (2003) on Canadian tax data.
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all three models RM1, RM2, and RM3, thereby establishing our preference for our baseline

model.

4.1 Estimation

Estimation of our error-components models proceeds in two stages. In the first stage, we
construct residuals from regressions of log earnings (or log income) against observables,
é;t =yl —9((; X} ,). In particular, for male earnings, we estimate least-squares regressions,
separately for each year, of log earnings against a full set of age dummies, thus removing
the predictable lifecycle earnings variation. For household income, we regress, separately
for each year, log household income on a full set of age dummies for the primary tax filer,
indicators of gender and marital status for the primary filer, and a full set of dummies for
the number of children (up to ten) in the household['"] Since the tax data do not contain
information on race and education, the corresponding part of income variation will remain
in the residuals and will add to the variation attributed to the permanent component. The
Appendix describes our first-stage regressions in more detail.

In the second stage, we estimate all model parameters (other than ¢;) using a minimum
distance estimator that matches the model’s theoretical variances and autocovariances to
their empirical counterparts. The error-components model in equations — implies a spe-
cific parametric form for each variance and autocovariance of residual income, given normal-
ized age a, calendar year ¢, and lead k. These theoretical variances and autocovariances, de-
noted by cov(a, t, k), are functions of the model parameters o7, 03, 02, 0ag, Oy, 0y, 07, p, 0, 02,
and A\, m; for t = 1987, ...,2006 . We estimate these model parameters by minimizing the
distance between the theoretical variances and autocovariances implied by the model, and
their empirical counterparts, which we compute from our longitudinal tax return data for
a=1,..,35 t = 1987,...,2006, and £ = 0,...,19. This yields over 6,000 variances and
autocovariances that are matched in estimation. Our minimum distance estimator uses a
diagonal matrix as the weighting matrix, with weights equal to the inverse of the number of
observations used to compute each empirical statistical moment. We do not use an optimal
weighting matrix for reasons discussed in Altonji and Segal (1996). The basic intuition for
identification of the permanent and transitory components is that the contribution of the
transitory component to the autocovariance of income between two periods vanishes as the

distance between the periods gets large enough.

17Tn section [8] we examine the robustness of our results to alternative treatments of household size and
composition.

15



4.2 Variance Decomposition

After estimating our baseline model in equations —, we can use it to determine its
implications for annual cross-sectional income inequality for each income measure, whether
at the individual or at the household level. In other words, we will use the estimated model
to decompose the cross-sectional variance of log (residual) income. In particular, for each
calendar year between 1987 and 2006, the model implies a specific value for the total cross-
sectional variance, the permanent variance, and the transitory variance of log (residual)
income, as a function of the model parameters and given an age distribution. We compute
these variances implied by the estimated model, assuming an age distribution equal to the
actual empirical age distribution in our sample.[ig] Note that the evolution of the permanent
variance and the transitory variance is primarily determined by the estimates of the A\; and
parameters, respectively. We also repeat this procedure to derive inequality decompositions
into permanent and transitory components for each one of the restricted models RM1, RM2,
and RM3.

5 Male Earnings

In this section we present model estimates for male earnings, and we use our estimated models
to decompose the cross-sectional variance of (residual) log male earnings into permanent
and transitory components. We also extensively explore the sensitivity of our results to
alternative model specifications, and we provide a detailed discussion for the outcomes of

the comparison across different models.

5.1 Baseline Model Estimates and Inequality Decomposition

Table II presents estimates for our error-components models, baseline and restricted, for
(residual) male earnings. Columns la and 1b display point estimates and standard errors for
our baseline model. We note that all model parameters are precisely estimated. Starting with
the permanent earnings component, the parameter estimates (other than the \; parameters)
are 02 = .2487, o5 = .0019, 63 = .0000018, 043 = —.0092, 6,y = .00024, 65, = —.00006,

and 62 = .0122. All of these parameter estimates are statistically significant, so the data

18We can also use the estimated model to compute similar decompositions for any age group, or for any
age distribution. In fact, we have computed decompositions for several different age groups, but we do not
show those results here due to space considerations. Focusing on alternative age distributions leads to similar
results.
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appear to support the inclusion of both (quadratic) heterogeneous income profiles and a
random walk in permanent earnings. For the transitory earnings component, the parameter
estimates (other than the 7; parameters) are p = .6281, 6 = —.3302, and 62 = .1986. The
estimate of p implies a relatively persistent transitory earnings process, despite the presence
of both heterogeneous income profiles and a random walk in permanent earnings. In addition,
the data appear to support the presence of moving average innovations in the autoregressive
transitory earnings (the estimate § = —.3302 has a standard error of .0153). We will return
to these points in the section

The inequality decomposition implied by our baseline model is presented in Figure II,
panel (a). Here, the top line, which shows the total cross-sectional variance implied by
the estimated model, is very close to the empirical cross-sectional variance of log (residual)
male earnings in our sample. Hence, our baseline specification is sufficiently flexible to fit
the evolution of the cross-sectional variance over calendar time. It can also be seen that the
baseline model attributes, on average, 65% of the total variance to the permanent component
of earnings, and the remaining 35% to the transitory component. More importantly for
our purposes, the permanent variance increases by 30% between 1987 and 2006, while the
transitory variance fluctuates over the twenty-year period, but does not increase, on net.
In fact, the transitory variance is 2% lower in 2006, compared to 1987. In other words,
the entire 17% increase in the total cross-sectional variance of (residual log) male earnings
is driven by an increase in the permanent earnings variance, thus reflecting an increase in

permanent inequality.

5.2 Robustness: Alternative Model Specifications

In Table II, Columns 2a through 4b show parameter estimates and standard errors for the
restricted models RM1 (no heterogeneous profiles), RM2 (no random walk), and RM3 (no
MA component). For each of the restricted models, all model parameters are precisely
estimated. In Figure II, the corresponding inequality decompositions are presented in panels
(b)-(d). As was the case for the baseline model, here too the total cross-sectional variance
implied by each restricted model is very close to the empirical cross-sectional variance in our
sample. This means that the restricted models are also flexible enough to fit the evolution of
the cross-sectional variance over calendar time. Furthermore, the trends in the permanent
and transitory variances are remarkably robust across model specifications. In particular,
all models find that the permanent variance increases over the sample period, while the

transitory variance does not, and also that the temporal pattern of the evolution of both
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variances is remarkably similar. Thus, all specifications imply that the entire increase in
the total cross-sectional variance of log residual male earnings over the period 1987-2006
was driven by an increase in the permanent part of the variance, reflecting an increase in
permanent inequality.

However, the shares of the total cross-sectional variance attributed to the permanent and
transitory components differ widely across the different models. Specifically, the transitory
share of the total variance, which was 35% for the baseline model, is, on average, 60% for
RM1 (no heterogeneous profiles), 43% for RM2 (no random walk), and 27% for RM3 (no
MA component). Given this range of results for the decomposition of inequality, we next
proceed to examine the source of the differences across model specifications. We will argue
that these differences reflect differences in the (relative) degree of persistence in transitory
earnings across the various model specifications. Intuitively, when transitory earnings are
less persistent, then more of the persistence in the earnings data will be attributed to the
permanent component, leading to a larger role assigned to permanent earnings overall. Con-
versely, when transitory earnings are more persistent, then more of the persistence in the
data will be picked up by the transitory part, leading to a larger role played by the transitory
earnings component.

We begin by showing the differences in the persistence of transitory earnings implied by
the various estimated model specifications. Table III shows, for each model, the fraction
of a transitory shock that survives s periods after the shock. As column (1) shows, our
baseline parameter estimates, p = .6281 and 6 = —.3302, imply that 30%, 19%, and 5% of
a transitory shock remains after 1, 2, and 5 years, respectively. That is, our baseline model
implies a moderate degree of persistence in transitory earnings, despite the inclusion of both
heterogeneous income profiles and a random walk component in permanent earnings.

Restricted model RM1 (no heterogeneous profiles), by contrast, yields the estimates p =
9238 and § = —.5912. The estimate of p, in particular, would appear surprisingly high for a
transitory earnings component. Indeed, column (2) of Table III shows that these estimates
imply that 33%, 31%, and 24% of a transitory shock remains 1, 2, and 5 years after the
shock. Moreover, 16% of a transitory shock remains even 10 years after the shock. The
reason for this high degree of persistence in transitory earnings is that permanent earnings
in model RM1 lack a heterogeneous income profiles component, which would capture part
of the persistence in the earnings data. Therefore, a larger share (relative to the baseline) of
the persistence in the data is attributed here to the transitory component instead.

At the opposite end, restricted model RM3 (no MA component) yields a very small
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estimate of the autoregressive parameter, p = .2134, which implies very little persistence
in transitory earnings. In fact, as shown by column (4) of Table III, only 5% percent of
a transitory shock remains after 2 years, with essentially no effect remaining 3 years after
the shock. Note that, according to our baseline model, the effect of transitory shocks falls
rapidly after one period (via 0 = —.3302), but decays more slowly after that (via p = .6281).
By contrast, under model RM3’s restriction that 6§ = 0, the rapid fall of the effects of a
transitory shock after one period can only be captured by the autoregressive parameter p,
which in turn implies that the estimate of p will be pushed downward.

The above discussion illustrates a more general point that is often overlooked in dis-
cussions of permanent-transitory decompositions of income. In reality, incomes are subject
to many different types of shocks. While some of these shocks might be truly permanent,
and some truly transitory, many shocks are likely to have varying degrees of persistence, in
between the two extremes. Decomposing income into permanent and transitory components
requires taking a stand on what degree of persistence will be considered “permanent” and
what degree will be considered “transitory”. This choice necessarily involves some arbitrari-
ness. Our approach here is to rely on a carefully specified error-components model that
captures as well as possible the entire covariance structure of earnings, building on what has
been learned about the dynamic properties of income from the literature on income dynam-
ics. We thus advocate working with the model that best describes the data, which in our
case is our baseline model.

In order to further substantiate the claim that our baseline model best fits our data, we
next show that the restrictions implied by models RM1, RM2, and RM3 are actually strongly
rejected by the data. This implies that the restricted models miss important dimensions of
the earnings data, despite capturing the evolution of total inequality and yielding results for
inequality trends similar to the baseline model. In other words, it has to be the case that
the different results across specifications for the shares of the total cross-sectional variance
attributed to the permanent and transitory components are due to aspects of the restricted
models that are not supported by the data. Starting with model RM1 (no heterogeneous
profiles), a joint test of the restrictions imposed by the model, namely ag = 03 =008 = Oay =
oy = 0, yields the I' statistic F' = 71.15, which overwhelmingly rejects those restrictions
(the critical F value at a 1% level is 3.02). Similarly, a test of the restriction o = 0 imposed
by model RM2 (no random walk) yields a ¢ statistic of ¢ = 2.17, which rejects this restriction
at a 5% level (though not at a 1% level). Finally, a test of the restriction # = 0 imposed by
RM3 (no MA component) yields the ¢ statistic t = —7.53, rejecting the null at a 1% level.
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Overall, our results support the inclusion of a (quadratic) heterogeneous income profiles
component, of a random walk component, and of moving-average innovations in the (autore-
gressive) transitory component in models of individual male labor earnings. The presence of
quadratic heterogeneous income profiles is especially strongly supported in our data. As we
show in Figure A.1 of the Appendix, model RM1’s restriction of no heterogeneous income
profiles leads to a poorer fit in the evolution of the cross-sectional variance of earnings over
the lifecycle. In addition, this restriction leads to the largest difference, relative to the base-
line model, in the permanent and transitory shares of the cross-sectional variance in Figures
IT (a)-IT (d). Although the data also support the inclusion of a random walk component in
the error-components model, that support is somewhat weaker, as evidenced by the finding
above that model RM2’s restriction of no random walk is rejected at a 5% level, but not at
a 1% level. Furthermore, section [7] shows that, when working with total household income,

we cannot reject model RM2’s restriction of no random walk.

6 Comparison to Alternative Decomposition Methods

In this section, we expand our analysis to explore simpler, approximate decomposition meth-
ods that do not rely on models and that have been used in the literature to examine the
permanent-vs-transitory nature of inequality. We also investigate the relation across the
different inequality-decomposition methods, model-based as well as non-model-based, and
we propose an explanation for the differences across methods. By clarifying the connections
across methods, we hope to propose one way of thinking about the variety of results they

yield as well as some guidance for the potential outcomes of different methodological choices.

6.1 KSS and BPEA methods

Here, we consider two approximate inequality-decomposition methods which basically define
permanent income as the average of annual income over a certain period of time, and then
transitory income as the deviations of annual income from that average. The first is a
simple and intuitive method that does not explicitly rely on any model. This method, used
in Kopczuk, Saez, and Song (2010) and referred to as ‘KSS’ here for convenience, defines
person ¢’s permanent earnings in year ¢ as the average of person i’s annual log earnings (or
residual log earnings) over a P-year period centered around ¢. Transitory earnings for person
1 in year t are then defined as the difference between person i’s current annual earnings at

t and permanent earnings in the same year. The permanent and transitory variances are
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next calculated as the variances, across individuals, of permanent and transitory earnings,
respectively.

Figure III (a) shows the decomposition of the cross-sectional variance of (residual) male
earnings into permanent and transitory parts using the KSS method with parameter P = 5.@
Two points are worth noting here. First, in terms of the trends, the increase in the cross-
sectional variance is again entirely driven by the permanent component, as it was in our
model-based results. Second, in terms of the relative shares, this method attributes on
average 87% of the cross-sectional variance to the permanent component, and only 13% to
the transitory component, as opposed to 65% and 35%, respectively, in our baseline model.
In other words, the KSS method attributes an overwhelmingly large part of the variance to
the permanent earnings component.

In order to see why this is the case, note that the KSS decomposition depends crucially on
the value of P—the number of years used to define permanent earnings. We show in Figure
A.2 of the Appendix that, as P increases, the permanent share falls and the transitory share
rises. For example, for P = 3,5,7 and 9 years, the transitory share is 8%, 13%, 16%, and
18%, respectively. The choice of P is obviously arbitrary. Nonetheless, using large values
of P is impractical, as the construction of the decomposition leads to the loss of data at
the endpoints of the sample (for example, using P = 11 would lead to the loss of 5 years
of data at each endpoint of our 20-year sample).@ Furthermore, in the KSS decomposition,
“transitory earnings” capture only purely transitory earnings (with no persistence). However,
as we have shown, the data provide evidence of moderate persistence in transitory earnings.

We also consider a second approximate variance decomposition method, which was intro-
duced by Gottschalk and Moffitt (1994). Following Moffitt and Gottschalk (2008), we refer
to this method as ‘BPEA’. The BPEA method is similar, though not identical, to the KSS,
and we consider it separately because it relies on a simple model of income, which provides a

more direct way of relating it to our error-components models ] Specifically, BPEA is based

YKopczuk, Saez, and Song (2010) use P = 5. They use raw (as opposed to residual) log earnings
and restrict observations to individuals who are present in the sample for all five years. We use residual log
earnings and do not require individuals to be present in all five years. However, the results are not materially
different when we follow their treatment and restrictions.

20At the limit, one would define permanent earnings as average earnings over a person’s entire career (say,
35 years), and transitory earnings as the deviation of current earnings from average career earnings. Under
this definition, however, it makes little sense to talk about changes over time in the relative importance of a
person’s permanent income, and it would not be possible to construct a series of such decompositions over
time with the available data.

21 The difference between the BPEA and the KSS methods essentially reflects a “bias correction term”in
the random effects formula upon which the BPEA decomposition is based. For details, see Gottschalk and
Moffitt (2009).
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on the simple specification of (residual) log earnings &; = a; + &4, where «; is purely perma-
nent (time-invariant) and e is purely transitory (iid). For a P-year window centered around
each year t, BPEA uses the standard formulas from this simple “random effects model” to
compute the permanent variance of &;; as the variance of «;, and the transitory variance of
& as the variance of €;,. To obtain a series of permanent and transitory variance estimates
over time, this procedure is repeated for consecutive, overlapping P-year moving windows.

Figure I1I (b) presents the BPEA inequality decomposition. Once again, the decomposi-
tion implies that the entire increase in the cross-sectional variance is driven by an increase in
the permanent variance. This method (with P = 5) attributes about 80% of the total cross-
sectional variance to the permanent component, slightly less than the KSS decomposition,
but still quite a bit more than our baseline error-components model. Again, the reason for
this difference lies in the simple structure of the model underlying the BPEA decomposition.
In particular, note that our baseline model of equations (2)-(5) essentially nests the simpler
model upon which BPEA is based, with restrictions 03 = 02 = a3 = 0oy = 0y = 07 = 0
in the permanent component, and p = # = 0 in the transitory component (and with our
baseline model using the more flexible A\, and 7; for t = 1987, ..., 2006, rather than the P-
year moving windows). As our results in section indicated, these restrictions are strongly
rejected in the data/??]

The discussion above suggests that the reasons for the inequality-decomposition differ-
ences between our baseline model and the non-model-based methods considered here are in
fact closely related to the reasons for the differences across different model specifications.
Specifically, the KSS and BPEA approximate methods do not allow for persistence in transi-
tory income. As a result, they attribute to the permanent income component part of what is
in reality a transitory (though serially correlated) shock, thereby overstating the importance
of the permanent part of inequality. In other words, the simpler decompositions rely on re-
strictions that are strongly rejected by the data. Therefore, our analysis here indicates that
the search for the appropriate inequality-decomposition method needs to carefully consider
the nature of the data, with particular emphasis on the relative degree of persistence in the

transitory component of income.

Z2Moffitt and Gottschalk (2008) also favor the use of richer error-components models over the simple
BPEA decomposition.
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6.2 Volatility

Next, we examine the evolution of the standard deviation of changes in male earnings over
short horizons. Following Shin and Solon (2011), we refer to this measure as earnings volatil-
ity. This measure of dispersion in the cross-sectional distribution of short-run income changes
is related, though not equivalent to, the concept of the transitory variance.@ Figure IV shows
the evolution of the standard deviation of one-year (the lower line) and two-year (the upper
line) percent changes in (residual) male earnings.

As the figure shows, we find no clear increasing or decreasing trend in male earnings
volatility over our sample period. This is consistent with the stable transitory variance of
male earnings found in the rest of our decompositions. This finding thus reinforces the result
that the increase in male earnings inequality over 1987-2006 was of a permanent nature, as
the transitory variance and the volatility of male earnings appear to be overall flat during

this period.

7 Household Income

In this section we examine the evolution of the permanent and transitory variance of total
household income. As already mentioned in section [3| we carry out the analysis using two
alternative samples. First, our ‘male earnings’ sample, which is identical to the sample used
in our analysis of male earnings. This sample consists of households with a male primary
filer aged 25-60, whose annual labor earnings are above the minimum threshold. Second, our
‘full’ household sample, which mostly adds households with a female primary filer (typically
single females).@ As Table T shows, the full sample has 105,544 observations more than the
male earnings sample.

The analysis here is performed on residuals from a first-stage regression of log household
income on gender, age and filing status of the primary filer, and on a full set of dummies
for the number of children (see the Appendix for details). In section |8 we investigate the

robustness of our results to alternative treatments of household size and composition.

23In particular, for most specifications of an earnings process, volatility and the transitory variance will
tend to move together. See the discussion in Shin and Solon (2011) for details on the relation between
volatility and transitory variance.

24Tt also adds some households for which labor earnings of the male primary filer are below the minimum
threshold, but for which total household income is above the minimum threshold.
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7.1 Pre-Tax Household Income

Table IV presents point estimates and standard errors for our error-components models
estimated on total pre-tax household income data, for both our ‘male earnings’ sample
and our broader ‘full’ household sample. Columns la-1b show estimates of our baseline
model on the male earnings sample. Note that the estimate of the random walk innovation
variance 62 = .0014 (.0059) is not statistically significant. That is, when using our male
earnings sample, we cannot reject the hypothesis that 2 is in fact zero. For this reason, we
will also present results for restricted model RM2, which imposes 02 = OE] We have also
estimated restricted models RM1 and RM3, but do not show the results here because of
space constraints. Columns 2a-2b of Table IV present point estimates and standard errors
for model RM2 estimated on our male earnings sample. Note that for this specification, all
parameter estimates are statistically different from zero.

Figures V (a) and V (b) present the variance decompositions for our baseline model
and for model RM2, both estimated on our male earnings sample.@ Of course, since we
cannot reject the hypothesis that 02 = 0, the decompositions for the two models are almost
identical. In particular, the transitory variance accounts for about 40% of the total variance,
which is similar to our finding for male earnings. Moving to the time trends, the transitory
variance increased by about 30% over the sample period, mainly in the early 2000s. The
permanent variance rose overall by about 45%, showing first a relatively steady increase until
around 2000, followed by a moderate decline in the early 2000s and then a resumed increase
in the last three years of the sample. All told, the transitory variance contributed about
one third of the increase in the total cross-sectional variance. Thus, as in the case of male
labor earnings, most of the increase in household income inequality (two thirds) represented
an increase in permanent inequality. However, in contrast to male earnings, the transitory
variance here did play a role in the increase in household income inequality.

Figure VI shows the evolution of the standard deviation of one-year (the bottom line) and

two-year (the top line) percentage changes in total household income on our male earnings

25When using the full household sample, we reject 02 = 0. However, in general, the household income data
provide less support than male labor earnings for the inclusion of a random walk component in permanent
income. In particular, whether or not the restriction 2 = 0 can be rejected depends on factors such as the
specific sample used, the level of the minimum threshold, whether the income data are before or after taxes,
and so on.

26Note that the reason why the total variance of household income in Figure V is lower in any given year
than the total variance of male earnings shown earlier is that these are variances of residuals, which in the
case of household income have removed all variation explained by household size and composition. If we
were to compare the raw data instead, the variance of household income would be larger than the variance
of male earnings, as seen in Figure I.
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sample. As shown by the figure, household income volatility rose 13% for one-year income
changes and 12% for two-year income changes, over the sample period. This provides further
evidence that the transitory variance did in fact contribute to the increase in the cross-
sectional inequality in the case of household income. Furthermore, we have also computed
(but do not show) variance decompositions for restricted models RM1 (no heterogeneous
profiles) and RM3 (no MA component), as well as for the KSS and BPEA methods, all of
which confirm this result.

In going from individual male earnings to total household income, a number of income
components are added. We group these components into four main categories: spousal labor
earnings, transfer income, investment income, and business income. Transfers are defined
here as the sum of alimony received, pensions and annuities, unemployment compensation,
social security benefits, and tax refunds. Investment income includes interest, dividends and
capital gains. Business income includes income from self-employment, from partnerships,
and from S-corporations 7]

Next, we examine which component or category of household income is responsible for
the increase in the transitory variance of total household income. We start with male la-
bor earnings, and then sequentially (and cumulatively) add each of the other categories of
income, namely spousal labor earnings, transfer income, investment income, and business in-
come. For each of the resulting income aggregates, we estimate our error-components models,
and we decompose the cross-sectional variance into permanent and transitory parts® The
decompositions, based on restricted model RM2 (no random walk) and our male earnings
sample, are presented in Figure A.3 of the Appendix. The other restricted models lead to
similar conclusions. Starting with male earnings, and moving along the series of increasingly
broad income aggregates, the changes in the transitory variance between 1987 and 2006 are
2%, 8%, 17%, 29%, and 28%, respectively. This takes us from the slight decrease in the
transitory variance of male earnings, to the 28% increase in the transitory variance of total
household income that we found earlier. We conclude that each of spousal labor earnings,
transfer income, and investment income contributed to the increase in the transitory variance

of total household income. Moreover, none of these categories appears to have played a par-

2TUsing the full household income sample, and on average over 1987-2006, male labor earnings account
for about 50% of total household income, female labor earnings for 26%, retirement and transfer income for
5%, investment income for 7%, and business income for 12%.

28We analyze increasingly broad income aggregates, rather than individual income categories separately,
because, for many households, income from at least some of these individual categories is zero. The large
number of zero-income observations makes it difficult to estimate error-components models separately for
each income category.
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ticularly dominant role in driving the increase in the transitory variance of total household
income %]

Columns 3a-4b of Table IV present point estimates and standard errors for the baseline
and restricted model RM2 using our broader ‘full’ household income sample. The corre-
sponding variance decompositions are presented in Figures VII (a) and VII (b). The results
are similar to those obtained when using the male earnings sample. In particular, the tran-
sitory variance increased over 1987-2006, contributing about one third of the increase in
the total cross-sectional variance. Results (not shown) again indicate that various sources
of household income contributed to the increase in the transitory variance, with no single

source playing a particularly prominent role.

7.2 The Role of the Federal Tax System

This section explores the role of the federal tax system in the evolution of income inequality.
In particular, we examine whether the evolution of inequality for after-tax household income
differs materially from the evolution of inequality for pre-tax income. As discussed in section
our measure of after-tax household income reflects all federal personal income taxes,
including all refundable tax credits such as the earned income tax credit and the child tax
credit, as well as payroll taxes.

Figure VIII shows the evolution of the total, permanent, and transitory variance of pre-
tax household income (the solid lines), along with the corresponding variances of after-tax
household income (the dashed lines), based on our male earnings sample. As the figure
shows, the variance of after-tax income is on average 15% smaller than the variance of pre-
tax income, reflecting the overall progressivity of the U.S. federal tax system. The effect of
the tax system in reducing income inequality appears fairly stable over the sample period,
although it might have increased marginally around 1996. Overall, however, the tax system
does not seem to have significantly altered the trend toward rising inequality: The variance
of (residual) pre-tax income in Figure VIII increased by 37% over our sample period, while
the variance of (residual) after-tax income increased by 35%. We reach similar conclusions
when we use our full household sample.

The finding of little change in the effect of the federal tax system on the evolution of
inequality in recent years might appear surprising in light of the well publicized reductions in

marginal tax rates, especially at the high end of the income distribution, in 2001 and 2003.

29Investment income here includes capital gains. However, we have verified that excluding capital gains
leads to similar conclusions, in that the transitory variance of investment income contributes to the increase
in the transitory variance of total household income even if capital gains are excluded.
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However, such changes in top marginal tax rates were accompanied by (smaller) reductions
in marginal tax rates for other income groups as well as by significant expansions of the
earned income tax credit and the child tax credit. Our results suggest that the net effect
of all changes to the federal tax system was small for purposes of the evolution of income

inequality.

8 Robustness Tests

8.1 Changes Over Time in the Age Distribution

Our error-components models imply that the decomposition of the cross-sectional variance
of income into permanent and transitory components depends on age. This, in turn, means
that the permanent-transitory variance decomposition in a given calendar year will depend
on the age distribution in that year. Therefore, one possible concern is that changes over
time in the age distribution might affect the decomposition, masking the effects of ‘true’
changes in the variance of permanent and transitory income components.@

To address this issue, we reweigh the moments matched in our estimation procedure so
as to keep the age distribution constant over time. Our methodology is an extension of the
one introduced by DiNardo, Fortin, and Lemieux (1996), and it is described in detail in the
Appendix. Overall, our results under this reweighing procedure are essentially unchanged,
both for male earnings (see Figure A.4 (a) of the Appendix) and for total household income.
We conclude that our model-based findings are not materially affected by changes over time

in the age distribution of the taxpayer population.

8.2 Changes Over Time in the Distribution of Household Compo-
sition

In the case of household income, an additional concern is that our results might be affected

by changes in the distribution of household composition over time. For instance, if total

income is more variable for married households than for single households, then changes in

the married-vs-single composition of the taxpayer population over time could affect trends

in the variances. Although our baseline household-income treatment does control for the

effects of changes in household composition on the mean of household income, it does not

30Table A.1 of the Appendix shows the mean and standard deviation of the age distribution in each
calendar year for both our male earnings sample and our full household sample.
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control for potential effects on the variance. In order to check that our results for household
income are not just capturing changes in the distribution of household composition, we have
performed the following three tests.

First, following the approach described in section |8.1] we reweigh the moments matched
in estimation in such a way as to keep the distribution of household composition unchanged
(see Figure A.4 (b) of the Appendix). Second, we restrict the household income sample to
married households only. Third, we treat observations as coming from different households
whenever a household (couple) forms or splits ']

In all three tests described above, our main results remain essentially unchanged. In
particular, we continue to find that the increase in male earnings inequality over our sample
period was entirely driven by an increase in permanent inequality, while the increase in
household income inequality was predominantly permanent, though partly also reflecting an

increase in transitory inequality.

8.3 Changes in the Minimum Threshold

We have also examined the sensitivity of our results to alternative minimum thresholds for
income. Recall that our analysis thus far excluded person-year observations where annual
earnings or household income were below one-fourth of a full-year, full-time minimum wage.
We have experimented with both lower (up to one-half of the original threshold) and higher
(up to two times the original threshold) minimum thresholds. In all cases, our main results
are mostly unchanged. In particular, the increase in male earnings inequality is still en-
tirely driven by an increase in permanent inequality, while the increase in household income
inequality is predominantly, but not entirely, permanent. The shares of the total variance
attributed to the permanent and transitory components, however, are somewhat sensitive
to setting the minimum threshold to a larger value than in our main treatment (see Figures
A5 (a) and A.5 (b) in the Appendix).

31That is, we define a new sample in which households with different size/composition are treated as
separate households. For example, if person A is observed for five years, then person A marries person B
and the couple is observed for five years, and then the couple splits and person A is observed for another five
years, we treat these three different five-year spells for person A as observations on three different households.
Since we are concerned with household income (as opposed to, say, consumption), we focus on the formation
and dissolution of couples, and abstract from changes in household size and composition having to do with
children.
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9 Conclusions

We use a large panel of household income to analyze the role of permanent and transitory
income components in the evolution of inequality in male labor earnings and total household
income in the United States over the period 1987-2006. We first document an increase in
inequality in male earnings and pre-tax and after-tax household income in our tax return
dataset during this period, consistent with what other studies have documented on different
datasets. We then examine the role of permanent and transitory income components for the
increase in inequality, as measured by the cross-sectional variance of log income.

The quality and significant size of our dataset allow us to start the analysis by precisely
estimating rich non-stationary error-components models of income dynamics. One of the
main advantages of error-components models is that they are sufficiently detailed and flex-
ible to be able to capture many facets both of the autocorrelation of earnings and of the
evolution of earnings over the lifecycle. Indeed, our main specification allows for a permanent
income component with quadratic heterogeneous income profiles and a random walk pro-
cess, with the relative importance of the permanent component allowed to vary over calendar
time. The transitory income process is specified as an ARMA(1,1) process with year-specific
innovations variances. We also expand our analysis to explore simpler, approximate inequal-
ity decomposition methods, and we propose an explanation for the connections between the
model- and non-model based methods.

Overall, we find remarkably robust results for the trends of the permanent and transitory
variance components. For male labor earnings, we find that the permanent variance increased
over the sample period, while the transitory variance did not. Hence, the increase in male
earnings inequality was driven entirely by the permanent component, thus reflecting an
increase in permanent inequality. For household income, both before and after taxes, the
increase in inequality over this period was predominantly, but not entirely, permanent, with
the transitory component contributing about one third of the increase in inequality. This
increase in the transitory variance of total household income reflects an increase in the
transitory variance of components such as spousal earnings, transfer income, and investment
income. We also find evidence that the U.S. federal tax system played an important role in
reducing the level of income inequality over our sample period, but it did not significantly
alter the broad trends toward increasing inequality.

In contrast to the trends, we show that the shares of the total cross-sectional variance
attributed to the permanent and transitory income components are sensitive to the decompo-

sition method used and, in the case of model-based decompositions, to model specification.
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We provide evidence indicating that one of the main reasons for these differences across
methods pertains to the degree of relative persistence they allow for in the transitory earn-
ings process. Intuitively, when transitory earnings are more (less) persistent, then less (more)
of the persistence in the data will be attributed to the permanent component, leading to
a smaller (larger) role assigned to permanent earnings overall. Since the simpler methods
do not allow for persistence in transitory income, they attribute to the permanent income
component part of what is in reality a transitory (though serially correlated) shock, thereby
overstating the importance of the permanent part of inequality. In other words, the simpler
decompositions rely on restrictions that are strongly rejected by the data, and hence pro-
duce erroneous inequality decompositions when the true underlying data generating process
is rich. Therefore, our analysis provides significant guidance for researchers deciding between
alternative permanent-transitory decomposition methods, and it suggests that the search for
the appropriate method needs to carefully consider the nature of the data, with particular

emphasis on the relative degree of persistence in the transitory component of income.
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Appendix

Creating residuals from first-stage regression

We focus on residual earnings (or income) variation, namely on the part of the earnings
(income) variance that is not explained by observable characteristics of the individual or
household. We construct residual individual labor earnings by applying least squares (sepa-
rately for each year) to a regression of log earnings against a full set of age dummies. This
regression purges individual earnings from the predictable lifecycle variation that is common
to all individuals, and from the effect (on the mean) of economy-wide factors (‘year effects’).

The regression for individual earnings, v’ ,, is thus:
i e pi
Yar = f(ct’Aa,t) )

where ¢; is a year-specific constant and A}, , is a full set of age dummies.

Similarly, we construct residual household income by applying least squares (separately
for each year) to a regression of log household income against a full set of age dummies for the
primary filer, gender of the primary filer, and indicators for household size and composition.
The latter include an indicator of whether the primary filer is married or single, and a full
set of dummies for the number of children (up to ten) in the household. The regression for
household income, ygt, is thus:

yg,t = g(cf, Mh> Agta F;L,t) )
where ¢? is a year-specific constant, M" is a dummy for male, AZ,t is a full set of age dummies,

and F;ft is a full set of family size/composition dummies.

Moment conditions

Let a be "normalized age" or "potential experience", defined as a = age—25, or years elapsed
since age 25. Then, the theoretical moments implied by our baseline error-components model

in equations (2)-(5) are as follows:
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cov(& ki) = M-Agw- (0L +05-a-(a+k)+02-a® (a+k)
+00p- (2a+ k) + 0oy - (2a* + 2ak + k?)
+0g, - (2a* + 3¢’k + ak®) + a - 02)
+pFvar(z.)

1]-p"1- 07202,

[k

v

For t = 1987, 2 < a < 35:

1 — p2(a71)

var(za087) = Thogr02 + (p+ 0)%0” 2

For 1987 <t <2006, a = 1:

2

var(z1;) = - 02 .

For 1988 <t < 2006, 2 < a < 35:
var(zas) = prvar(ze_141) o (7 + 0 7 +2-p-0 -7 ) .

To obtain identification, we impose the normalization A\, = 7, = 1 for all calendar
years t < 1987, where 1987 is the first year in the sample. Additionally, we impose the
normalization mogp5 = Taogos, Since A; and 7; cannot be identified separately in the last year
of the sample, t = 2006.

KSS and BPEA methods

In the KSS methodology, the permanent variance in year ¢ is var(% Zéi’;_k &ij), where &; is

the relevant measure of (log) earnings and k = %, and the transitory variance is var(&; —
5 szttk &ij). Following Kopczuk, Saez, and Song (2010), we set P = 5.

In the BPEA methodology, let &;; be residual log earnings, N the number of individuals,
T; < P the number of years (within the P-year window) that person i is observed, & the
person-specific average earnings over T; years, f the mean of log earnings across the full sam-
ple, and T the mean years covered by the window over the individuals in the sample. Then,
the exact formulas (within each fixed-size window) are 62 = L S°% - ST (& — EZ)Q]

1

. . A2 N = g 2 &2 .
for the transitory variance, and &, = 5 >_;_1(& — §)* — % for the permanent variance.

32



The permanent and transitory variance components from BPEA are very similar, though
not identical, to the KSS ones. The main difference lies in the presence of the term —37-52- in
the permanent BPEA variance. See Gottschalk and Moffitt (2009), footnote 2.

Note that Gottschalk and Moffitt use P = 9 (compared to our P =5 in the main text).
This slightly increases the share of the total variance attributed to the permanent component,
and therefore slightly reduces the share attributed to the transitory component, but has no

effect on the trends of the two components.

Reweighing the moments in estimation

This section describes the procedure by which we reweigh the moments used in our estimation
so as to keep the distribution of age and of household composition constant over time. This
is an extension of the methodologies used in DiNardo, Fortin, and Lemieux (1996), Lemieux
(2006), and Altonji, Bharadwaj, and Lange (2010). It involves calculating weights such that
the sample characteristics, when the sample is reweighed, are similar to those in a set of base
years. We choose 1999 through 2001 to be the base years to which we wish to reweigh each
of the individual years.

The method proceeds as follows. We first estimate a logit equation, where the dependent
variable is an indicator variable for the observation coming from one of the base years, and
the independent variables are a full set of age dummies (for household income, we also
include indicator variables for being a single male, a single female, and for the number of
children, up to ten). We then estimate twenty separate logits, one for each year of the sample,
where the dependent variable is an indicator for the observation coming from that year, and
the independent variables are the same as in the first logit. Using the results from these
logits, we then calculate the predicted probability that the observation came from one of the
base years, given the demographic characteristics of the observation (denoted p(base years |
z)), and the predicted probability that the observation came from the year that it actually
came from, given demographics (p(year=t | z)). Given the unconditional probabilities in the
sample that an observation came from a base year (p(base years)) or from a particular year

(p(year=t)), the weight for an observation from year ¢ is calculated as:

p(base years | z) - p(year = t)

l:[; = .
(2) p(year =t | z) - p(base years)
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Lifecycle Profile of Earnings Variance

This section illustrates the role of the (quadratic) heterogeneous income profiles component
in fitting the lifecyle profile of the variance of earnings. Figure A.1 of the Appendix shows
the evolution of the cross-sectional variance of male labor earnings over the lifecyle in our
data, as well as the evolution implied by our estimated baseline model and our estimated
restricted model 1 (no heterogeneous profiles). To construct the series labelled “data”, we
computed the variance of male labor earnings for each combination of normalized age a and
calendar year ¢, and regressed it against a full set of year and age indicators. The “data”
series displays the estimated coefficients on the normalized age indicators. As the figure
shows, the lifecycle variance profile is linear to concave in the early part of the lifecycle, and
convex in the later years. The variance profile constructed controlling for cohort effects (not
shown), rather than year effects, is similarly shaped.

The dotted and dashed lines in the figure display the evolution of the earnings variance
over the lifecycle implied by our baseline model and restricted model 1 (no heterogeneous
profiles). Note that the baseline model fits the lifecycle variance profile very well, while
restricted model 1 misses the variance in the first few years and in the last few years of the
lifecycle. Restricted models 2 (no random walk) and 3 (no MA component) imply a lifecycle
variance profile very similar to that of our baseline model, and are therefore not shown in

the figure.
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Table |

Descriptive Statistics by Calendar Year - Various Income Measures

Year Male Earnings Pre-Tax Household Income After-Tax Household Income
Male Earnings Sample Ful Houssaerl:slcilncome Male Earnings Sample Ful Houssaerl:slcilncome
Obs. Mean St Dev Obs. Mean St Dev Obs. Mean St Dev Obs. Mean St Dev Obs. Mean St Dev
1987 8,177 10.38 0.78 8,177 10.66 0.77 12,767 10.46 0.84 8,177 10.48 0.73 12,764 10.30 0.78
1988 8,681 10.35 0.81 8,681 10.66 0.80 12,991 10.47 0.86 8,681 10.48 0.76 12,978 10.30 0.80
1989 9,021 10.33 0.81 9,021 10.64 0.82 13,242 10.46 0.86 9,021 10.46 0.77 13,227 10.29 0.81
1990 9,092 10.33 0.81 9,092 10.63 0.81 13,353 10.45 0.86 9,092 10.45 0.77 13,341 10.29 0.81
1991 8,905 10.31 0.81 8,905 10.61 0.82 13,395 10.43 0.87 8,905 10.43 0.77 13,377 10.27 0.81
1992 8,923 10.32 0.83 8,923 10.62 0.84 13,480 10.44 0.88 8,923 10.45 0.79 13,464 10.28 0.83
1993 9,273 10.29 0.84 9,273 10.61 0.84 13,654 10.43 0.89 9,273 10.45 0.79 13,650 10.27 0.83
1994 9,387 10.30 0.83 9,387 10.63 0.84 13,838 10.43 0.89 9,387 10.45 0.80 13,821 10.26 0.84
1995 9,575 10.31 0.83 9,575 10.64 0.85 14,148 10.44 0.91 9,575 10.46 0.80 14,125 10.27 0.85
1996 9,624 10.33 0.83 9,624 10.66 0.86 14,257 10.45 0.92 9,624 10.48 0.81 14,233 10.29 0.86
1997 9,534 10.35 0.82 9,534 10.67 0.87 15,150 10.42 0.93 9,534 10.50 0.80 15,149 10.28 0.84
1998 9,762 10.38 0.82 9,762 10.70 0.88 15,515 10.46 0.94 9,762 10.54 0.82 15,525 10.32 0.86
1999 9,877 10.41 0.82 9,877 10.74 0.88 15,721 10.49 0.95 9,877 10.58 0.82 15,730 10.35 0.86
2000 9,904 10.43 0.82 9,904 10.76 0.88 15,918 10.51 0.95 9,904 10.59 0.82 15,923 10.37 0.87
2001 9,950 10.44 0.82 9,950 10.76 0.87 16,114 10.50 0.94 9,950 10.60 0.81 16,119 10.37 0.85
2002 9,860 10.43 0.84 9,860 10.76 0.88 16,095 10.50 0.94 9,860 10.61 0.81 16,104 10.38 0.85
2003 9,802 10.41 0.84 9,802 10.74 0.88 16,111 10.48 0.94 9,802 10.60 0.82 16,121 10.37 0.86
2004 9,956 10.42 0.84 9,956 10.74 0.89 16,296 10.49 0.96 9,956 10.61 0.83 16,310 10.38 0.88
2005 9,998 10.41 0.84 9,998 10.74 0.90 16,397 10.49 0.96 9,998 10.60 0.84 16,403 10.38 0.88
2006 10,123 10.42 0.85 10,123 10.76 0.91 16,526 10.51 0.96 10,123 10.62 0.85 16,546 10.40 0.89
Total (or Average) 189,424 10.37 0.83 189,424 10.69 0.86 294,968 10.46 091 189,424 10.52 0.80 294,910 10.32 0.84

Note: The slightly different number of observations of household income before and after taxes (in Full Household Income Sample) is due to the minimum income threshold in

our sample selection criteria. This threshold is applied (separately) to both before- and after-tax income.



Table Il
Estimates of Error-Components Models, Male Earnings

Column la 1b 2a 2b 3a 3b 4a 4b
Baseline Model Restricted Model RM1 Restricted Model RM2 Restricted Model RM3

Parameter
Estimate S.E. Estimate S.E. Estimate S.E. Estimate S.E.

Permanent Component

oy 0.2487 0.0124 0.1337 0.0069 0.2250 0.0074 0.2813 0.0075
GZB (x100) 0.1902 0.0359 0.2599 0.0138 0.1082 0.0178
czv (x10,000) 0.0180 0.0014 0.0198 0.0012 0.0167 0.0012
Ogg (x100) -0.9179 0.1975 -0.5954 0.0916 -1.5099 0.1083
Gy (x1,000) 0.2395 0.0844 0.1133 0.0418 0.4971 0.0485
op, (x10,000) -0.5980 0.0512 -0.6720 0.0406 -0.5450 0.0410
o 0.0122 0.0056 0.0028 0.0003 0.0277 0.0018
Ag; 1.0000 1.0000 1.0000 1.0000

Ags 1.0283 0.0133 1.0800 0.0312 1.0297 0.0145 1.0288 0.0122
Ago 1.0556 0.0140 1.1474 0.0328 1.0610 0.0153 1.0537 0.0129
Ago 1.0440 0.0134 1.1222 0.0322 1.0478 0.0148 1.0445 0.0122
Aoy 1.0585 0.0140 1.1523 0.0351 1.0651 0.0158 1.0557 0.0125
Ay, 1.0792 0.0148 1.1899 0.0373 1.0883 0.0169 1.0742 0.0131
Ag3 1.0581 0.0136 1.1483 0.0347 1.0659 0.0157 1.0550 0.0118
Ags 1.0535 0.0137 1.1449 0.0353 1.0614 0.0159 1.0505 0.0118
Ags 1.0695 0.0139 1.1868 0.0367 1.0798 0.0163 1.0653 0.0120
Ags 1.0774 0.0137 1.2061 0.0372 1.0901 0.0162 1.0709 0.0118
Ay; 1.0743 0.0139 1.2094 0.0379 1.0884 0.0163 1.0660 0.0119
Agg 1.0740 0.0137 1.2110 0.0384 1.0876 0.0161 1.0661 0.0118
Ago 1.0933 0.0138 1.2558 0.0395 1.1094 0.0161 1.0825 0.0117
Aoo 1.0924 0.0140 1.2548 0.0401 1.1078 0.0163 1.0821 0.0120
Ao 1.0877 0.0138 1.2536 0.0400 1.1022 0.0159 1.0784 0.0119
Aoz 1.1036 0.0139 1.2794 0.0407 1.1167 0.0159 1.0974 0.0122
Ao3 1.0693 0.0134 1.2222 0.0392 1.0779 0.0153 1.0686 0.0120
Aos 1.0741 0.0133 1.2361 0.0391 1.0832 0.0149 1.0723 0.0120
Aos 1.0938 0.0132 1.2694 0.0395 1.1032 0.0147 1.0896 0.0120
Aos 1.1149 0.0132 1.2980 0.0400 1.1252 0.0147 1.1096 0.0121

Transitory Component

p 0.6281 0.0629 0.9238 0.0036 0.7261 0.0212 0.2134 0.0210
[¢] -0.3302 0.0439 -0.5912 0.0068 -0.3717 0.0250

o, 0.1986 0.0153 0.2781 0.0122 0.2243 0.0120 0.1675 0.0136
Tig7 1.0000 1.0000 1.0000 1.0000

Tigg 1.0592 0.0490 0.9781 0.0378 1.0467 0.0418 1.0711 0.0592
Tigg 0.9917 0.0481 0.9201 0.0356 0.9838 0.0402 0.9954 0.0592
Tlgg 0.9909 0.0453 0.9368 0.0335 0.9875 0.0379 0.9837 0.0556
gy 0.9703 0.0494 0.9150 0.0372 0.9660 0.0416 0.9678 0.0592
Ty, 0.9926 0.0552 0.9285 0.0417 0.9851 0.0467 0.9953 0.0660
Tlg3 1.0545 0.0459 0.9739 0.0346 1.0366 0.0389 1.0697 0.0557
Tlgg 1.0213 0.0482 0.9458 0.0368 1.0061 0.0416 1.0301 0.0582
Tlgs 1.0109 0.0454 0.9186 0.0332 0.9947 0.0385 1.0189 0.0550
Tlgs 0.9942 0.0436 0.9043 0.0317 0.9755 0.0368 1.0092 0.0528
g7 0.9481 0.0457 0.8697 0.0333 0.9358 0.0386 0.9551 0.0550
Tlgg 0.9835 0.0434 0.9011 0.0318 0.9706 0.0365 0.9943 0.0525
Tlgg 0.9448 0.0433 0.8667 0.0313 0.9371 0.0359 0.9518 0.0520
Tloo 0.9558 0.0474 0.8860 0.0350 0.9515 0.0391 0.9591 0.0569
Tlo; 0.9626 0.0469 0.8925 0.0338 0.9593 0.0387 0.9618 0.0565
Ty, 1.0000 0.0488 0.9321 0.0347 1.0012 0.0401 0.9839 0.0599
Tlo3 1.0771 0.0452 0.9892 0.0322 1.0649 0.0373 1.0755 0.0564
Tlog 1.0322 0.0475 0.9495 0.0339 1.0211 0.0393 1.0325 0.0595
Tlos 0.9875 0.0404 0.9126 0.0279 0.9855 0.0325 0.9811 0.0500
Tl

The table shows point estimates and standard errors of our error-components models in equations (2)-(5). The estimates were obtained by
Diagonally Weighted Minimum Distance (see section 4.1). Restricted Model RM1 has no heterogeneous income profiles component.
Restricted Model RM2 has no random walk component. Restricted Model RM3 has no MA component.



Table lll
Persistence of transitory shock

(1) (2) (3) (4)

. Baseline Model Restricted Model Restricted Model Restricted Model
periods after shock

RM1 RM2 RM3
S
0 1.00 1.00 1.00 1.00
1 0.30 0.33 0.35 0.21
2 0.19 0.31 0.26 0.05
3 0.12 0.28 0.19 0.01
4 0.07 0.26 0.14 0.00
5 0.05 0.24 0.10 0.00
10 0.00 0.16 0.02 0.00

The table shows the fraction of a transitory shock that survivess periods after the shock.
Restricted Model RM1 has no heterogeneous income profiles component. Restricted Model
RM2 has no random walk component. Restricted Model RM3 has no MA component



Table IV
Estimates of Error-Components Models, Pre-Tax Household Income

Column la 1b 2a 2b 3a 3b 4a 4b
Male Earnings Sample Household Income Sample
Baseline Model Restricted Model RM2 Baseline Model Restricted Model RM2
Parameter
Estimate S.E. Estimate S.E. Estimate S.E. Estimate S.E.

Permanent Component

Ozﬂ 0.2153 0.0122 0.2121 0.0074 0.2124 0.0107 0.1900 0.0062
Ozg (x100) 0.1741 0.0370 0.1814 0.0117 0.0799 0.0293 0.1507 0.0105
Ozy (x10,000) 0.0103 0.0014 0.0105 0.0009 0.0050 0.0011 0.0069 0.0009
Gop (x100) -0.7891 0.1564 -0.7705 0.0825 -0.6010 0.1644 -0.3256 0.0792
Gy (x1,000) 0.1556 0.0629 0.1537 0.0376 0.1232 0.0680 0.0250 0.0369
ap, (x10,000) -0.4000 0.0532 -0.4110 0.0333 -0.2160 0.0401 -0.2990 0.0305
02r 0.0014 0.0059 0.0123 0.0048

Ag7 1.0000 1.0000 1.0000

Agg 1.0605 0.0166 1.0621 0.0169 1.0466 0.0122 1.0511 0.0135
Agy 1.0786 0.0169 1.0805 0.0173 1.0529 0.0117 1.0580 0.0130
Ago 1.0697 0.0168 1.0718 0.0172 1.0498 0.0117 1.0547 0.0133
Aoy 1.1026 0.0180 1.1056 0.0183 1.0617 0.0121 1.0698 0.0139
Aoy 1.1095 0.0186 1.1128 0.0189 1.0779 0.0124 1.0880 0.0145
Ao3 1.0836 0.0179 1.0864 0.0184 1.0775 0.0123 1.0877 0.0145
Aoq 1.0911 0.0184 1.0949 0.0188 1.0795 0.0122 1.0925 0.0146
Ags 1.1129 0.0193 1.1172 0.0195 1.1068 0.0131 1.1230 0.0157
Agg 1.1403 0.0203 1.1458 0.0200 1.1318 0.0135 1.1533 0.0162
Ag7 1.1719 0.0217 1.1782 0.0210 1.1525 0.0136 1.1776 0.0163
Aog 1.1581 0.0208 1.1636 0.0207 1.1569 0.0135 1.1815 0.0161
Agg 1.2039 0.0216 1.2104 0.0207 1.1677 0.0133 1.1935 0.0158
Aoo 1.1772 0.0210 1.1829 0.0205 1.1626 0.0134 1.1856 0.0158
Aot 1.1295 0.0189 1.1334 0.0191 1.1160 0.0124 1.1283 0.0148
Aoz 1.1415 0.0183 1.1452 0.0186 1.1233 0.0121 1.1340 0.0144
Aoz 1.1032 0.0174 1.1058 0.0179 1.0984 0.0114 1.1047 0.0134
Aos 1.1175 0.0167 1.1201 0.0172 1.1332 0.0116 1.1416 0.0136
Aos 1.1305 0.0164 1.1327 0.0169 1.1369 0.0115 1.1439 0.0133
Aos 1.1738 0.0170 1.1765 0.0173 1.1390 0.0116 1.1447 0.0133

Transitory Component

p 0.7403 0.0436 0.7555 0.0222 0.6538 0.0503 0.7540 0.0158
<] -0.3531 0.0291 -0.3607 0.0276 -0.3066 0.0329 -0.3475 0.0197
c!zZ 0.1448 0.0127 0.1484 0.0098 0.1582 0.0116 0.1805 0.0084
g 1.0000 1.0000 1.0000 1.0000

Tgg 1.0002 0.0587 0.9982 0.0561 0.9783 0.0524 0.9840 0.0434
Tige 1.0220 0.0524 1.0201 0.0498 0.9948 0.0459 0.9974 0.0369
Tl 0.9936 0.0527 0.9916 0.0503 0.9984 0.0432 1.0012 0.0346
Tl 0.9679 0.0550 0.9665 0.0515 0.9822 0.0447 0.9821 0.0360
T, 1.0236 0.0542 1.0200 0.0523 1.0137 0.0476 1.0085 0.0393
Tl 1.0689 0.0525 1.0636 0.0508 1.0377 0.0462 1.0303 0.0383
Ty 1.0029 0.0515 0.9963 0.0498 0.9969 0.0427 0.9875 0.0352
Tgs 0.9984 0.0547 0.9940 0.0523 0.9812 0.0481 0.9805 0.0396
e 0.9488 0.0532 0.9435 0.0498 0.9513 0.0442 0.9498 0.0362
Ty 0.9720 0.0570 0.9673 0.0529 0.9990 0.0443 0.9897 0.0358
Tlg 1.0509 0.0545 1.0463 0.0517 1.0241 0.0439 1.0165 0.0351
Tl 0.9867 0.0494 0.9836 0.0450 1.0033 0.0401 0.9976 0.0314
o 1.0313 0.0530 1.0274 0.0502 1.0339 0.0432 1.0307 0.0346
o1 1.1009 0.0519 1.0974 0.0498 1.1018 0.0428 1.1002 0.0339
T, 1.1185 0.0482 1.1146 0.0462 1.1014 0.0405 1.0989 0.0320
T3 1.1265 0.0486 1.1212 0.0464 1.1405 0.0409 1.1265 0.0317
Ty 1.1415 0.0526 1.1361 0.0504 1.1277 0.0430 1.1167 0.0338
s 1.1357 0.0456 1.1315 0.0435 1.1217 0.0376 1.1134 0.0291
Tlos

The table shows point estimates and standard errors of our error-components models in equations (2)-(5). The estimates were obtained by
Diagonally Weighted Minimum Distance (see section 4.1). Restricted Model RM1 has no heterogeneous income profiles component.
Restricted Model RM2 has no random walk component. Restricted Model RM3 has no MA component.



Figure 1 (a)
Cross-Sectional Variance (of the Log) by Year
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Figure | (b)
Cross-Sectional Gini Coefficient by Year
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Figure Il (a)
Decomposition of Cross-Sectional Variance
Male Earnings, Baseline Model

Figure Il (b)
Decomposition of Cross-Sectional Variance
Male Earnings, Restricted Model 1 (no heterog. profiles)
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Figure I (c) Figure I (d)
Decomposition of Cross-Sectional Variance Decomposition of Cross-Sectional Variance
Male Earnings, Restricted Model 2 (no random walk) Male Earnings, Restricted Model 3 (no MA component)
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Figure Il (a)
KSS Decomposition of Cross-Sectional Variance
Male Earnings
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Figure Il (b)
BPEA Decomposition of Cross-Sectional Variance
Male Earnings
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Figure IV
Standard Deviation of One-Year and Two-Year Percentage Changes (Volatility)
Male Earnings
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Figure V (a)
Decomposition of Cross-Sectional Variance
Pre-Tax Household Income, Baseline Model
Male Earnings Sample
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Figure V (b)
Decomposition of Cross-Sectional Variance
Pre-Tax Household Income, Restricted Model RM2 (no random walk)
Male Earnings Sample
0.70
0.60
0.50
4

0.40

</‘N
0.20
0.10
0.00 T T T T T T T T T 1

2\ ) N % » A ) S < » Q

D %5 ) o ) ) S N o \) )

N N > N ™ Y ) DY D

—&—permanent —@=—transitory -—4—total




0.50

Figure VI
Standard Deviation of One-Year and Two-Year Percentage Changes (Volatility)
Pre-Tax Household Income, Male Earnings Sample
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Figure VII (a)
Decomposition of Cross-Sectional Variance
Pre-Tax Household Income, Baseline Model

Full Household Sample
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Figure VII (b)
Decomposition of Cross-Sectional Variance
Pre-Tax Household Income, Restricted Model RM2 (no random walk)
Full Household Sample
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Figure VIl
Decomposition of Cross-Sectional Variance
Pre-Tax and After-Tax Household Income, Baseline Model, Male Earnings Sample
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Table A.1
Age Distribution by Calendar Year

Full Household Income

Year Male Earnings Sample sample
Mean St Dev Mean St Dev

1987 39 9.9 40 10.0
1988 39 9.8 40 10.0
1989 39 9.8 40 9.9
1990 39 9.7 40 9.9
1991 39 9.7 40 9.8
1992 40 9.7 40 9.9
1993 40 9.6 40 9.8
1994 40 9.6 40 9.8
1995 40 9.6 40 9.9
1996 40 9.6 40 9.8
1997 40 9.6 41 9.8
1998 40 9.7 41 9.8
1999 41 9.6 41 9.8
2000 41 9.7 41 9.8
2001 41 9.7 41 9.9
2002 41 9.7 41 9.9
2003 41 9.7 42 9.9
2004 41 9.8 42 10.0
2005 41 9.9 42 10.1

2006 41 9.9 42 10.1
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Figure A.1
Lifecycle Variance Profile of Male Earnings, Controlling for Year Effects
Data, Baseline Model, and Restricted Model 2 (no heterogeneous profiles)
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Figure A.2 (a)
KSS Decomposition of Cross-Sectional Variance, P=3
Male Earnings
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Figure A.2 (b)
KSS Decomposition of Cross-Sectional Variance, P=7
Male Earnings
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Figure A.2 (c)
KSS Decomposition of Cross-Sectional Variance, P=9
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Figure A.3 (a) : Restricted Model 2 Variance Decomposition
Male Earnings
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Figure A.3 (b) : Restricted Model 2 Variance Decomposition
Male Earnings + Spousal Earnings
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Figure A.3 (c) : Restricted Model 2 Variance Decomposition
Male Earnings + Spousal Earnings + Transfers
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Figure A.3 (d) : Restricted Model 2 Variance Decomposition
Male Earnings + Spousal Earnings + Transfers + Investment Income

060 ‘r__‘r..‘r__‘r__‘r_-‘r-‘r__‘r__‘r-‘r__‘r-qﬁ-1ﬁ-ir-ir-‘r—-ir—ﬂﬁ-ﬂﬁ-ﬂk
0.40 =—§—perm
00| A A e . e ..

0.00 -+ T T T 1 —=—total
1986 1991 1996 2001 2006

Figure A.3 (e) : Restricted Model 2 Variance Decomposition
Total Household Income
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Figure A.4 (a)
Variance Decomposition, Baseline Model
Male Earnings
DiNardo-Fortin-Lemieux reweighting
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Figure A.4 (b)
Variance Decomposition, Restricted Model RM2 (no random walk)
Pre-Tax Household Income, Full Household Income Sample
DiNardo-Fortin-Lemieux reweighting
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Figure A.5 (a)
Variance Decomposition, Baseline Model
Male Earnings
Minimum Threshold: One-Half of Full-Year Full-Time Minimum Wage
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Figure A.5 (b)
Variance Decomposition, Restricted Model 2 (no random walk)
Pre-Tax Household Income, Full Household Income Sample
Minimum Threshold: One-Half of Full-Year Full-Time Minimum Wage
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